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[1] A robust retrieval algorithm to estimate concentrations of total suspended sediments
(TSS) in Poyang Lake (the largest freshwater lake in China) was developed using Moderate
Resolution Imaging Spectroradiometer (MODIS) medium-resolution (250 m) data from
2000 to 2010 and in situ data collected during two cruise surveys. The algorithm was based
on atmospherically corrected surface reflectance at 645 nm, with 1240 nm data serving as a
reference for aerosols and a nearest-neighbor method was used to avoid land adjacency
effect. The algorithm showed an uncertainty of 30–40% for TSS ranging between 3 and
200 mg L1. Long-term TSS distribution maps derived from MODIS data and the
customized TSS algorithm showed significant variations in both space and time, with low
TSS (<10 mg L1) in wet seasons and much higher TSS (>15–20 mg L1) in dry
seasons for the south lake, and generally higher TSS in the north lake. The TSS difference
between the north and the south increased significantly after 2002, with mean TSS often
reaching >40 mg L1 in the north. While the TSS seasonality was attributed to the
seasonal changes of the lake’s circulation, the inter-annual variations were primarily
driven by sand dredging activities, regulated by management policies. The case study
here provides baseline water quality information for future restoration efforts in Poyang
Lake, and more generally, an approach to assess water quality changes in similar water
bodies, which have resulted from either climate variability or human activities.
Citation: Feng, L., C. Hu, X. Chen, L. Tian, and L. Chen (2012), Human induced turbidity changes in Poyang Lake between
2000 and 2010: Observations from MODIS, J. Geophys. Res., 117, C07006, doi:10.1029/2011JC007864.

1. Introduction
[2] Dramatic changes have occurred in many of the
world’s coastal oceans and estuaries in the past decades due
to both climate change and human impacts [e.g., Beman
et al., 2005; Brand and Compton, 2007]. Inland lakes are
not immune to these changes. For example, in the arctic,
many lakes have disappeared [Smith et al., 2005]. In China,
freshwater lakes in the Central Yangtze area experienced
rapid long-term changes in the past several decades due to
rapid population increases [Fang et al., 2005; Zhao et al.,
2005]. More recently, Ma et al. [2010] showed that 243 of
the 2928 large lakes (>1 km2 surface area) in China have
vanished since the 1960s. Those losses were attributed to
both climate change and human activities. Climate variability such as El Niño and La Niño transitions have also lead to
1
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dramatic variations in the frequency of flooding in China’s
largest freshwater lake, Poyang Lake [Shankman et al.,
2006]. Climate variability (e.g., warmer than usual air and
water temperature during the winter) has also triggered water
quality events such as harmful algal blooms in Taihu Lake,
China’s third largest freshwater lake [Wang and Shi, 2008;
Kong et al., 2007; Hu et al., 2010].
[3] One key water quality parameter is turbidity or total
suspended sediment concentration (TSS), which regulates
light transmission in water and hence the productivity of
submerged vegetation [Erftemeijer and Lewis, 2006; Moore
et al., 1997]. Furthermore, pollutants and heavy metals of
terrestrial origin are accumulated and transported by sediments in aquatic environments, impacting the health of both
aquatic wildlife and humans [Novotny and Chesters, 1989;
Tabata et al., 2009]. Both climate variability and human
activities may influence the short- and long-term patterns of
TSS distributions. For example, natural forcing such as
hurricanes or storms may cause large sediment resuspension
and mass transport [Acker et al., 2004; Chen et al., 2009].
Human influence such as impoundment of dams and reservoirs can impact water clarity of downstream coastal waters
and ecosystems [Lane et al., 2002; Vörösmarty et al., 2003;
Walker et al., 2005]. Even beach nourishment, used as an
effective way to minimize problems caused by coastal erosion [Hamm et al., 2002], often leads to increased suspended
sediments in coastal zones and poses a threat to the coastal
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Figure 1. Location of Poyang Lake, the largest freshwater lake in China. The inset figure shows the
lake’s drainage basin. Annotated on the figure are the positions of the five main tributaries (orange arrows
show the water discharge directions) and several hydrologic and meteorological stations.
environment [Wilber et al., 2006]. Therefore, it is highly
desirable to document long-term changes in TSS distributions in order to determine their potential linkage with climate variability and human activities.
[4] However, documenting TSS changes in a statistically
meaningful way is often difficult in coastal oceans and lakes,
not to mention attempts to understand the causes of such
changes. This is because TSS can be highly variable over
both space and time. Traditional field sampling methods are
often insufficient in spatial and temporal coverage to derive
statistically meaningful results. While satellite remote sensing, in theory, should provide improved coverage, it often
suffers from cloud cover, deficiency in algorithms, and, on
occasions, insufficient spatial resolution. This problem is
particularly prominent for Poyang Lake (Figure 1).
[5] Poyang Lake plays diverse roles in affecting thing
such as local ecosystems and, wildlife habitat, to humans
socio-economic activities [Yu and Sun, 2006]. Unlike most
other lakes, Poyang Lake experiences significant seasonal
and inter-annual changes in its inundation area [Feng et al.,
2012b], thus providing a unique wetland ecosystem. It is
recognized by the International Union for Conservation of
Nature as one of the most important wetlands in the world
[Finlayson et al., 2010]. The rapid changes in the water-land
boundary also pose an additional challenge for remote
sensing of TSS or other water quality parameters.

[6] Several pioneering studies have used sporadic satellite
remote sensing images to study water clarity changes in
Poyang Lake [Cui et al., 2009; Wu et al., 2007]. Yet to date
there has been no effort to establish a long-term (decadal),
reliable record of TSS (or turbidity) in Poyang Lake. In this
study, we addressed the technical challenges by using satellite measurements over an 11-year period (2000–2010),
with the following objectives:
[7] 1. Develop a reliable algorithm to estimate TSS of
Poyang Lake, which overcomes the difficulties of the land
adjacency effect, atmospheric correction, large TSS dynamic
range, and changing land-water boundary;
[8] 2. Document the long-term seasonal and inter-annual
TSS distribution patterns of TSS in Poyang Lake and
understand their linkages with climate variability and human
impacts; and,
[9] 3. Establish a TSS climate data record for assessing
future water quality changes and assisting decision-making.
[10] Further, although this study was focused on Poyang
Lake, the approach developed here is expected to be applicable to other coastal and inland waters. Moreover, the work
augments a growing body of literature on the use of remote
sensing techniques to study the diverse properties of China’s
lakes [Hwang et al., 2005; Matthews et al., 2008; Torbick
et al., 2008; Wessels et al., 2002]. This is particularly true in
China where dramatic changes in environments, (due to both
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climate and anthropogenic influences [Ma et al., 2010]),
have occurred in tandem with rapid population increases,
unprecedented urbanization and economic growth. Thus, a
general approach to study long-term changes in water quality of lakes is highly desirable for the thousands of lakes in
China.
[11] The manuscript is arranged as follows: Poyang Lake’s
environmental setting is first introduced, and then followed
by the remote sensing algorithm development using satellite
and in situ data. Next we present seasonal and inter-annual
TSS patterns, their long-term changes, and driving mechanisms in Poyang Lake. Finally, the implications of these
results, for monitoring other water bodies and helping management decision-making, are discussed.

2. Study Region: Poyang Lake and Its
Environmental Settings
[12] Poyang Lake is located in the north of Jiangxi Province (28 22′–29 45′N and 115 47′–116 45′E, Figure 1). It
has an average water depth of 8.4 m and a storage capacity
of 27.6 billion m3 (when the water level at Hukou is
21.71 m, http://www.poyanglake.net/pyhgk.htm). With Songmen Mountain lying in the middle, Poyang Lake is geographically divided into two parts: a large, shallow south lake
and a narrower, deeper north lake. The length (south to north)
of the lake is about 173 km and its maximum width (west to
east) is 74 km. Influenced by subtropical monsoons and
changes in precipitation [Zhang, 1988], the inundation areas of
the lake show significant seasonality, from >3000 km2 in wet
seasons (April to September) to <1000 km2 in the dry seasons
(October to March) [Feng et al., 2012b]. In some atypical
years, when precipitation was extremely low, severe droughts
have occurred. For example the lake’s inundation area shrunk
to <600 km2 in spring 2011 [Feng et al., 2012a].
[13] The main water sources of Poyang Lake are five
tributaries (Ganjiang, Fuhe, Xiushui, Xinjiang, and Raohe)
and local precipitation. In addition, the lake constantly
exchanges water with the Yangtze River system in the north
(Figure 1). There is typically a lake-river water flow. However, occasionally the flow reverses to river-lake when water
levels in Yangtze River elevate (usually between July and
September) [Shankman et al., 2006].
[14] Water quality of Poyang Lake has been reported as
declining in recent years. This has lead to numerous environmental problems. For example, a rapid fish population
decline [Zhong and Chen, 2005; K. Zhang, Poyang Lake:
Saving the finless porpoise, online article, 2007, available
at http://www.chinadialogue.net/article/show/single/en/839Poyang-Lake-saving-the-finless-porpoise] has been attributed to decreasing water quality and environmental conditions [Wu et al., 2007]. Poor water quality has also had a
negative impact on the productivity of Vallisneria spiralis L.
(a type of submerged vegetation), the main food source for
migrating birds [Wu et al., 2005]. To date, however, there
has been no systematic assessment of long-term changes in
water quality in various lake segments, despite the known
effect of local sand dredging on water clarity [Liu, 2007;
T. Li, Crisis at Poyang Lake, online article, 2008, available at http://www.chinadialogue.net/homepage/show/single/
en/1846-Crisis-at-Poyang-Lake]. Whether and how water
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quality responds to climate variability and human impact in
various lake segments is generally unknown.

3. Data and Methods
3.1. Remote Sensing Data
[15] Data collected by the Moderate Resolution Imaging
Specroradiometer (MODIS, 2000–present for Terra and
2002–present for Aqua) were used in order to achieve sufficient spatial and temporal coverage without compromising
ground resolution. Because of the large satellite swath
(2330 km east-west), each of the MODIS instruments
covers the study region in 1–2 days, assuring daily coverage
of the study region at a ground resolution of about 250 m.
[16] Level-0 (raw digital count) data were obtained from
the U.S. NASA Goddard Space Flight Center (GSFC). Of the
>9000 data “granules” (i.e., individual scenes) covering
the study region from February 2000 to December 2010,
580 scenes were selected after visual examination to exclude
those with significant clouds, sun glint, and thick aerosols.
Table 1 lists the temporal distribution of the MODIS scenes
in this study. On average, there is one scene per week with at
least one scene in any given month, suggesting that monthly
changes of TSS can be captured.
[17] The Level-0 data were processed using the software
provided by NASA (SeaDAS version 6.0) to generate calibrated at-sensor radiance. Our initial attempt was to use
SeaDAS to generate above-water remote-sensing reflectance
(Rrs) for several bands. However, due to frequent thick
aerosols and sun glint, the process often failed even after
adjustment of the processing options (e.g., the default limit
of aerosol optical thickness at 869 nm was raised from 0.3
to 0.5, default cloud albedo was raised from 2.7% to 4.0%,
etc.). Therefore, the calibrated radiance data were processed
using alternative methods. After correction of Rayleigh
scattering and gaseous absorption effects, the Rayleighcorrected reflectance Rrc,l was derived as


Rrc;l ¼ pLt;l *= F0;l  cosq0  Rr;l ;

ð1Þ

where l is the wavelength of the MODIS spectral band, L*t
is the calibrated at-sensor radiance after correction for gaseous absorption, F0 is the extraterrestrial solar irradiance, q0
is the solar zenith angle, and Rr is the reflectance due to
Rayleigh (molecular) scattering estimated using the 6S
radiative transfer code [Vermote et al., 1997]. The Rrc data
were geo-referenced into a cylindrical equidistance (rectangular) projection. Three MODIS bands with the nominal
central wavelengths of 645, 859 and 1240 nm were used in
this study. The 645 and 859 nm bands have a spatial resolution of 250 m, while the 500 m resolution 1240 nm band
was re-sampled to 250 m using a sharpening scheme [Pohl
and Van Genderen, 1998]. The changing land masks,
derived from the same MODIS data using a gradient
method [Feng et al., 2012b], were applied to the Rrc data to
prevent TSS being derived from land.
[18] Because the above data processing is labor intensive
and such capacity may not be available in every research
group, we also tested the applicability of existing MODIS
reflectance data products derived by the MODIS land and
atmosphere teams. The MODIS surface reflectance products
(MOD09GQ for Terra and MYD09GQ for Aqua), which
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Table 1. Temporal Distribution of the MODIS Scenes Used in
This Study
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 Total
Jan
–
Feb
1
Mar
5
Apr
1
May 2
Jun
2
Jul
4
Aug 1
Sep
3
Oct
2
Nov 5
Dec
2
Total 28

1
1
2
1
3
1
5
1
5
4
7
1
32

5
1
1
2
2
1
7
3
5
11
1
1
40

6
4
3
3
4
1
5
4
7
13
7
5
62

2
4
3
5
3
2
4
3
7
11
10
12
66

2
1
3
7
1
5
2
1
8
9
3
12
54

2
1
2
3
3
1
2
3
8
3
6
10
44

8
8
3
3
6
1
2
3
7
8
13
2
64

5
6
6
4
5
1
2
2
5
4
15
9
64

7
4
4
7
9
1
4
5
5
10
9
3
68

2
3
5
2
8
1
3
9
4
9
9
3
58

40
34
37
38
46
17
40
35
64
84
85
60
580

were designed for land applications, but potentially useful for
water applications, were obtained from the U.S. NASA Land
Processes Distribution Active Archive Center (LP DAAC).
These reflectance data were geo-referenced into the same
rectangular projection using the MODIS Reprojection Tool
(https://lpdaac.usgs.gov/tools/modis_reprojection_tool).
[19] Cloud-free Landsat TM and ETM+ data from 2000 to
2010 (calibrated at-sensor radiance at 30 m resolution) were
downloaded from the U.S. Geological Survey. These data
were processed using the same method as with MODIS, to
remove the ozone absorption and Rayleigh scattering effects,
and then used to identify and quantify ships in the lake.
3.2. In Situ Measurements
[20] Two field surveys were conducted: The first, in
October 2009, represents the dry season; and the second in
July 2011, represents and the wet season. A small fishing
boat (about 2 m by 10 m) was used for the two field surveys.
During these surveys, water samples were collected to
determine TSS and sediment size distributions. Whenever
possible (clear sky with minimal cloud cover, high sun elevation), surface reflectance was also measured. The procedures and methods of these measurements are briefly
summarized as follows:
[21] 1. At each in situ station, a surface water sample was
collected and filtered immediately on a pre-weighted Whatman Cellulose Acetate Membranes filter with a diameter of
47 mm and a nominal pore size of 0.45 mm. The filter was
stored in a desiccator, which was then combusted in a 500 C
oven for 3 h and weighed in the laboratory. TSS (in mg L1)
was determined by the weight difference normalized by the
filtered water volume. An analytical balance was used to
weigh the filter, with a precision of 0.01 mg.
[22] 2. Sediment size distribution was measured with a
Laser In Situ Scattering Transmissiomerty (LISST-100X,
Sequoia Scientific Inc.). The instrument produces 32 size
bins, which are logarithmically placed from 2.5 to 500 mm.
In practice, the first and last 4 bins were removed due to their
poor performance [Traykovski et al., 1999], and the volume
concentrations of the remaining 24 bins were normalized to
the total volume concentration.
[23] 3. Above-water remote sensing reflectance (Rrs, sr1)
was measured with a portable ASD FieldSpec Pro FR2500
spectroradiometer (Analytical Spectral Devices, Inc., 350 to
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2500 nm with 4 nm increments) at some stations, following
the NASA recommended protocols for optical measurements [Mobley, 1999]. All measurements were conducted
between 10 A.M. and 2 P.M. local time under clear sky
conditions without apparent whitecaps or foam on the water
surface. For each Rrs measurement, upward radiance (Lu),
downward sky radiance (Lsky), and radiance from standard
Specrtralon reference plaque (Lplaque) were measured. Rrs
was then derived as [Mobley, 1999]

 

Rrs ¼ rplaque Lu  rf * Lsky = pLplaque ;

where rplaque is the reflectance (30%, provided by the manufacture) of reference plaque, and rf is the Fresnel reflectance of water surface (assumed to be 0.022 for a calm water
surface). Several examples of Rrs and their corresponding
TSS values are presented in Figure 2.
[24] 4. Absorption (a in m1) and beam attenuation (c in
m1) coefficients were measured from an AC-s instrument
(WET Labs, Inc.) deployed in the surface water, using pure
water as a reference. Total particle scattering coefficient,
bp (m1), was calculated as c-a. For each station, the mass2 1
specific scattering coefficient, bm
p = bp/TSS (in m g ), was
m
calculated, and the mean bp of all the stations was estimated
to be 0.95  0.44 m2g1.
3.3. Meteorological and Hydrologic Data
[25] Monthly precipitation data, derived from the Tropical
Rainfall Measuring Mission satellite measurements (TRMM
3B43) between 2000 and 2010, were obtained from the
NASA Goddard Distributed Active Archive Center (DAAC).
With a spatial resolution of 0.25  0.25 , the data were
integrated over the lake’s drainage to represent the precipitation rate. Annual mean wind data were acquired from the
nearest meteorological station of Poyang Lake (Boyang station, see red triangle in Figure 1), which were obtained from
the China Meteorological Data Sharing Service System
(http://cdc.cma.gov.cn/). Water level data were collected at
several hydrologic stations in Poyang Lake and sediment
flux data were collected at hydrologic stations at five
tributaries (see station locations in Figure 1).

4. Algorithm Development
[26] Various TSS remote sensing algorithms have been
proposed in the past, ranging from semi-analytical algorithm
based on radiative transfer theory [Dekker et al., 2001, 2002;
Lee et al., 1999; Volpe et al., 2011] to empirical regression
[Doxaran et al., 2002a, 2002b; Han et al., 2006; Hu et al.,
2004; Miller and McKee, 2004; Moore et al., 1999;
Tassan, 1993, 1994]. For MODIS data, approaches using
both a single band (645 nm) or band ratios have been shown
effective for estuaries and coastal waters [Chen et al., 2007;
Doxaran et al., 2002a, 2002b; Hu et al., 2004; Miller and
McKee, 2004]. Therefore, empirical approaches are used in
this study, with parameterization based on in situ measurements. However, two critical issues must be addressed
before a robust regression algorithm can be established
between MODIS data and in situ TSS, namely land adjacency effect and atmospheric correction.
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Figure 2. (a) Station locations from the October 2009 and July 2011 cruise surveys of Poyang Lake.
Green crosses (38 stations) represent those used in correlating in situ data with concurrent MODIS measurements. (b) Sample Rrs spectra for various sediment concentrations. Note that around 1000 nm and
1150–1380 nm Rrs is approaching 0, suggesting that the water’s contribution to the MODIS signal at
1240 nm can be assumed to be 0 in the atmospheric correction.
4.1. Land Adjacency Effect
[27] The satellite signals measured from water pixels near
land are often contaminated by the reflected light by the
nearby land surface is called the land adjacency effect
[Santer and Schmechtig, 2000]. This effect is often significant in the NIR spectral regions because land reflectance is
significantly higher than water reflectance. This effect is
particularly important for the north lake segment, which is a
narrow outlet that can shrink into a narrow meandering
channel during dry seasons.
[28] The land adjacency effect was evaluated along an
arbitrary land-water transect for three MODIS bands at 645,
859, and 1240 nm, respectively. Along this transect, the

relative difference between the current pixel and next pixel
was plotted for each band in Figure 3. Because Rrc of water
should change slowly, any large positive difference indicates
a potential land adjacency effect. In this particular case, two
pixels at 859 nm and 4 pixels at 1240 nm suffered from land
reflectance contaminations. Results from other arbitrary
transects were similar. Note that the in situ data suggest that
water should be completely black at 1240 nm (i.e., Rrs ≈ 0,
Figure 2) even at TSS > 200 mg L1. Thus, the elevated Rrc
difference between land-adjacent water pixels can only
result from land adjacency effect. The effect makes an
accurate atmospheric correction difficult because the signal
from a land-adjacent water pixel does not come from that

Figure 3. Reflectance difference between adjacent pixels showing land adjacency effects (dashed circles)
on several MODIS bands. The land-water boundary pixel is denoted as 0. The relative difference in Rrc is
defined as the relative difference between the current pixel and next pixel. Two pixels at 859 nm and four
pixels at 1240 nm suffer from land adjacency effect, indicated by the large positive difference.
5 of 19
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pixel only, but also from the nearby land. A customized
atmospheric correction is required to correct this land contamination (see below). However, the 645 nm band appears
to be immune to land adjacency effect, and therefore can
serve as a candidate band to derive TSS.
4.2. Atmospheric Correction
[29] The software package SeaDAS (version 6.0) was
implemented to use a sophisticated atmospheric approach
[Gordon, 1997] to remove the atmospheric effects to obtain
Rrs from the at-sensor radiance. However, due to several
reasons (ocean bands often saturate over Poyang Lake,
changing water-land boundary, land adjacency effect) the
software failed to generate reasonable Rrs data. Thus, we
developed a customized atmospheric correction approach to
address these challenges using MODIS land bands only.
[30] The partial correction in equation (1) removed gaseous absorption and Rayleigh scattering effects, leading to
Rrc data that still contained variable aerosol effect and land
adjacency effect. Because water reflectance at 1240 nm is
virtually 0 (Figure 2) for the entire lake, Rrc,1240 away from
land (from Figures 3 and 4 pixels away from water-land
boundary) can be safely assumed to come from aerosols. For
the 4 water pixels adjacent to the water-land boundary, a
nearest-neighbor approach [Hu et al., 2000] can be used to
derive Rrc,1240 from the nearest water pixels. This approach
was implemented to process all MODIS data. Furthermore,
in order to evaluate whether a simplified approach could
result in similar TSS retrieval accuracy, Rrc,1240 from a fixed
location instead of the nearest pixels was also used as an
aerosol reference. Specifically, the following two atmospheric correction methods were implemented and tested:
[31] 1. Method 1: a 10  10-pixel box in the middle of the
lake was selected as a reference to derive aerosol contribution
for the entire lake (see location in Figure 1). Surface reflectance at any given pixel was derived as Rrc,645-Rrc,constant1240
where Rrc,constant1240 was the mean value of Rrc,1240 in the
10  10-pixel box (assumed invariant for the lake). This
method is denoted as Rrc,645-constant1240 in the following
algorithm evaluation.
[32] 2. Method 2: For any water pixel away from land
(>4 pixels away from the water/land boundary), surface
reflectance was derived as Rrc,645-Rrc,1240. For water pixels
within 4 pixels of the water/land boundary, their corresponding
Rrc,1240 values were replaced by the nearest-neighbor valid
pixels. This method is denoted as the Rrc,645-nearest1240 in the
following algorithm evaluation.
4.3. TSS Algorithms
[33] Regressions between in situ TSS and MODIS reflectance (or reflectance ratio) were derived to develop the
appropriate TSS algorithms. To obtain the matching pairs
between MODIS and in situ measurements, several quality
control criteria were applied. First, a time window of
3 h between MODIS and in situ measurements was used to
assure concurrent measurements [Bailey and Werdell, 2006].
Second, to avoid potential influence of water patchiness on
the regression, a homogeneity test from a 3  3-pixel box
centered at the in situ station was performed (Note that the in
situ measurement was from a point while each MODIS pixel
represents 250  250 m2). If the variance of the 3  3 box
was >0.4, the corresponding matching pair were discarded
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from the regression [Harding et al., 2005]. A total of 38
matching pairs were selected, with their locations shown in
Figure 2a.
[34] Figures 4a–4c show the regression relationships
between in situ TSS and Rrc,645-constant1240, Rrc,645-nearest1240,
and Rrc,645, respectively. Of the three regressions, Rrc,645
showed lowest performance (highest mean relative error
(MRE) and root mean square error (RMSE)), suggesting that
aerosol contributions could not be ignored. For the atmospherically corrected data, Rrc,645-nearest1240 showed a better
relationship with TSS than did Rrc,645-constant1240 by all
measures: determination of coefficient (R2), MRE, and
RMSE. This is because aerosol contributions to the satellite
signal did vary spatially for the large lake (173 km long and
74 km wide at maximum inundation) and therefore could not
be treated as a constant. Indeed, visual examination of the
entire MODIS time series of Red-Green-Blue composite
images often revealed spatial gradient in aerosol distributions (represented by whitish fog on RGB images), suggesting that the nearest-neighbor atmospheric correction
approach would be more appropriate. This was confirmed by
the relatively higher R2 and lower MRE and RMSE between
TSS and Rrc,645-nearest1240 (Figure 4b).
[35] In addition to the single-band algorithms, band-ratios
have also been proposed to derive TSS [Doxaran et al.,
2002a]. A similar method was implemented to relate
Rrc,859/Rrc,645 to TSS, with results shown in Figure 4e.
Clearly, the regression is much worse than that in Figure 4b.
Likewise, when the MODIS surface reflectance (R) from the
existing products (MOD09GQ and MYD09GQ) were used
as either a single band (R645, Figure 4d) or a band ratio (R859/
R645, Figure 4e), regression to TSS also showed poorer
performance than the Rrc,645-nearest1240 model did. This is
likely due to the large uncertainty (often 1% in R) of landbased atmospheric correction method [Kaufman et al., 1997;
Vermote et al., 1997]. In addition, significant patchiness was
found in the MODIS R products, preventing their use to
obtain accurate TSS distributions in Poyang Lake.
[36] Overall, the atmospherically corrected MODIS product Rrc,645-nearest1240 showed the best relationship with TSS
for a large dynamic range (3–200 mg L1). Thus, the TSS
algorithm chosen for this study was




TSS mg L1 ¼ 0:6786 exp 34:366  Rrc;645-nearest1240 :

ð2Þ

[37] The retrieved TSS showed a MRE of 37.7% and
RMSE of 44.5% with R2 = 0.868 (Figure 5). Considering the
inherent difference between in situ (point) and MODIS
(250  250 m2) measurements as well as the potential disturbance of the boat’s presence on local TSS mixing, such
relative differences should be considered acceptable and the
algorithm valid. Indeed, if half of the points were randomly
selected to establish a similar regression algorithm as in
equation (2) and the remaining half were used for validation,
the resulting MRE and RMSE were very similar (33.5% and
40.1%, respectively).

5. Temporal and Spatial Distributions of TSS
in Poyang Lake
[38] The regression algorithm in equation (2) was implemented on all of the 580 selected individual images between
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Figure 4. Regression between in situ TSS and MODIS reflectance and reflectance ratios. Rrc is the
Rayleigh-corrected reflectance (equation (1)), while R is the surface reflectance derived from land-based
atmospheric correction (MOD09GQ and MYD09GQ products). Rrc,645-nearest1240 is the surface reflectance
partially corrected for aerosol effects using a nearest-neighbor approach, while Rrc,645-constant1240 is a
similar surface reflectance but using a fixed Rrc,1240 as an aerosol reference.
2000 and 2010 to derive TSS distributions. These products
provided the basis for seasonal means, annual means, and
climatological seasonal means. In this study we have broken
our seasons into quarters that fall within one annual cycle.
Quarter 1 goes from January through March, quarter 2 runs
from April through June, quarter 3 runs from July through

September, and quarter 4 runs from October through
December.
[39] The climatological TSS distributions during different
seasons are illustrated in Figure 6. It reveals a significant
spatial gradient and seasonality. On average, the north lake
showed higher TSS than the south lake. The north lake
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Figure 5. Comparison between in situ
TSS and those estimated from MODIS
measurements using the regression algorithm in equation (2). If half of the points
were randomly selected to develop the
algorithm, and the remaining half were
showed maximum and minimum TSS in quarter 4 and
quarter 2, respectively, while the south lake showed maximum and minimum TSS in quarter 1 and quarter 3, respectively. A large portion of the south lake was rather clear in
quarter 3 with TSS < 5 mg L1. In contrast, very turbid
waters with TSS > 50 mg L1 could be observed in the north
lake in quarter 4. The difference between the two lake segments also showed significant seasonality. Note that during
quarter 3 there was a continuous high TSS plume from the
north to the south, suggesting that water might have traveled
from the north to the south, contrary to the typical southnorth flow.
[40] Figure 7 shows the annual mean TSS distributions
from 2000 to 2010, where the mean TSS of the north and
south lake segments as well as their difference and ratios are
tabulated in Table 2. From 2000 to 2002, Poyang Lake was
relatively clear, with mean TSS of the north and south lake
segments <20 mg L1 and a small difference between the
two (<7 mg L1, north/south ratio <1.5). After 2002, mean
TSS of the north lake increased significantly and remained
high except during 2008. Extremely turbid water was
observed in 2004 and 2005, with mean TSS > 40 mg L1 in
the north lake and north/south ratio approaching 3. When all
years were combined, mean TSS of the north lake (29.2 mg
L1) more than doubled that of the south lake (14.0 mg L1)
(Table 2, last column).
[41] To facilitate visualizing the seasonality as well as
inter-annual variability, Figure 8a shows the seasonal mean
TSS of the north and south lake segments from 2000 to
2010, with their difference presented in Figure 8b. Note that
because of the frequent inundation changes (Figure 8c)
[Feng et al., 2012b], the results were derived from those
pixels where >90% of the MODIS observations were inundated, with areas of 64.9 and 200.8 km2 for the north and
south lake segments, respectively. By conducting a sensitivity study, using 50% instead of 90% as the inundation
threshold, it was confirmed that the resulting TSS distribution patterns were nearly identical to those shown in Figure 8.

C07006

[42] Similar to the TSS seasonal climatologies in Figure 6,
mean TSS in both lake segments also showed significant
seasonality, with high TSS in quarter 1 and quarter 4 and
lower TSS in quarter 2 and quarter 3. From 2000 to 2002,
mean TSS in the north and south were almost identical,
leading to near-zero differences between the two. After
2002, TSS in the north lake showed a rapidly increasing
trend, where the TSS difference peaked at >45 mg L1
during quarter 3 of 2005. The elevated TSS in the north
dropped to the 2000–2002 levels in 2008, after which TSS
increased again in the north. In contrast to the north lake,
TSS in the south lake remained relatively stable during the
11-year period, and only moderate increases were observed
during the dry seasons of 2003 to 2005.
[43] The detailed TSS changes in the north lake were
further studied by dividing it into 11 small sections between
29.2 and 29.75 with 0.05 increments. The mean TSS of
each section was calculated and presented in Figure 9b, and
the corresponding percentage anomaly shown in Figure 9c.
The elevated mean TSS in the north lake between 2003 and
2007 was distributed rather uniformly from the north to the
south, with sporadic hot spots in certain locations. These
inter-annual changes are clearly revealed in the 11-year
inter-annual standard deviation map in Figure 9a, with
>20 mg L1 standard deviation in the north lake. In contrast,
inter-annual TSS standard deviation in the south lake was
much lower, with <5 mg L1 in some lake portions.

6. Driving Factors
6.1. Seasonality
[44] The significant seasonality of TSS was due to the
seasonal changes of the dominant lake current [Zhang, 1988].
(It was higher in dry seasons and much lower in wet seasons
as shown in Figures 6 and 8a). During dry seasons of quarter
1 and quarter 4, Poyang Lake’s mean inundation was much
smaller than during wet seasons (Figures 6 and 8c) and the
lake formed a narrow water channel with a high south-north
water level gradient (Figure 10). Swift gravity flow occurred
and silted mud in the bottom was scoured, leading to more
suspended sediments in the water column. In contrast, during
the wet seasons of quarter 2 and quarter 3, the water level of
downstream Yangtze River in the north was elevated,
impeding the lake-river water flow and resulting in relatively
uniform water level in the lake (Figure 10). Indeed, when the
water level of the Yangtze River was very high from July to
September, the lake-river water flow could be reversed
[Shankman et al., 2006], leading to a high TSS contrast
between the north and the south (Figure 6).
[45] The sediment plume near the estuary of Ganjiang
River in quarter 2 (Figure 6) was attributed to the large
sediment flux during this period. Ganjiang is the largest
tributary of Poyang Lake, with its sediment flux to Poyang
Lake from 2000 to 2009 accounted for >50% of the total
sediment flux from all five main tributaries combined
(Figure 1). During quarter 2, sediment flux represented
63.2% of the total annual flux, leading to high TSS around
the river tributary.
6.2. Inter-annual Variability
[46] In addition to the significant seasonality, the most
striking result of this analysis is the significant inter-annual
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Figure 6. MODIS-derived TSS distributions in Poyang Lake during each climatological season between
2000 and 2010. Every image pixel represents approximately 250  250 m2. Note the significant changes
in the lake’s inundation between different seasons. The sediment plume around the tributary of Ganjiang
River in quarter 2 is circled in red.
TSS variability in the north lake (Figures 7 and 8). Before
2003, mean TSS in this lake segment was low and relatively
stable, and comparable to mean TSS in the south lake.
Between 2003 and 2010 with the exception of 2008, mean
TSS in the north lake was significantly elevated and

different from that in the south lake. What could cause such
dramatic changes?
[47] Sand dredging in the Yangtze River has been a
common practice since the 1970s [Wu and Li, 2003]. At the
beginning of 2002, the Chinese government established a
strict policy to prohibit sand dredging in the entire river
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Figure 7. Annual mean TSS distributions of Poyang Lake from 2000 to 2010. The last figure shows the
climatological annual mean during the 11-year period.
(http://news.xinhuanet.com/zhengfu/2001-11/14/content_
115021.htm), and numerous dredging vessels swarmed into
Poyang Lake in the following years [Wu et al., 2007].
Dredging was increased due to the enormous sand demand to
support the construction of the rapidly developing downstream Yangtze River economic zone [Zhong and Chen,
2005]. Figure 11 shows that while the Landsat image in
2000 revealed no dredging vessels in the north lake (delineated area in red), numerous sand dredging vessels were
identified from the Landsat image in 2005. It has been
reported that large dredging vessels could dredge sand within
a 100-m diameter area in a single operation [Liu, 2007],
leading to very turbid waters around them.
[48] The linkage between TSS and sand dredging at
synoptic and inter-annual scales was revealed by high-

resolution (30-m) Landsat imagery between 2000 and 2010.
Landsat TM/ETM+ shortwave infrared band (2.09–2.35 mm)
was used to enumerate number of vessels, because the
vessels (high reflectance) showed distinguishable contrast
from the background water in the SWIR band (Figure 11).
Figure 12a shows the identified vessel number during the
11 years in the north lake is highly correlated with annual
mean TSS concentrations (R2 = 0.61, p < 0.01). However,
because some of these vessels are sand-carriers that do not
induce significant sediment resuspension, a direct regression
to show the quantitative causal effect may be biased. These
sand-carriers deliver sand from the south end of the north
lake to the Yangtze River, where the sand is further transported to the downstream market. To minimize this artifact,
the number of vessels in the two southernmost small sections

10 of 19

a

14.0 (2.3)
29.1 (10.2)
15.1
2.1
10.9 (6.0)
33.2 (19.5)
22.4
3.1
South lake (mg L )
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Difference (mg L1)
North/south ratio

9.8 (4.9)
12.4 (7.1)
2.6
1.3

14.5 (8.6)
16.7 (8.1)
2.3
1.2

12.9 (9.4)
18.9 (13.5)
6.0
1.5

16.0 (11.6)
35.5 (20.7)
19.5
2.2

14.5 (11.5)
42.8 (10.4)
28.3
3.0

15.8 (12.7)
42.7 (15.3)
26.9
2.7

18.0 (18.6)
37.8 (16.8)
19.8
2.1

14.7 (6.7)
32.8 (17.0)
18.1
2.2

12.7 (8.6)
19.2 (13.6)
6.5
1.5

14.5 (12.4)
28.5 (20.0)
14.0
2.0

2000–2010
2000

2001

2002

2003

2004

2005

2006

2007

2008

2009

2010

1

Table 2. Annual Mean and Standard Deviation of TSS in the North and South Segments of Poyang Lake Between 2000 and 2010a

Standard deviation is given in parentheses. The mean TSS difference and ratio is also listed. The last column represents the 11-year climatology. The results were derived from those pixels that had >90% water
cover frequency over the selected 580 MODIS scenes. Note that because the two lateral lakes (annotated as I and II in Figure 1) are not connected to the main lake, they were excluded in the calculations.
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(see Figures 9b and 9c, 29.2 N–29.3 N) was determined and
plotted in Figure 12b. Significantly higher correlation (R2 =
0.90, p < 0.01) between TSS and vessel number was
revealed, where the annual mean TSS can be predicted as
TSS ¼ 0:227 * Y þ 13:79:

ð3Þ

[49] Note that in this simple regression, TSS represents the
annual mean concentration in the north lake, and Y represents the number of vessels in the two southernmost sections
of the north lake.
[50] Realizing a number of serious problems caused by
sand dredging (e.g., damaging the ecological environment
and endangering navigation safety) and to preserve the
Poyang Lake ecosystem, the Government of Jiangxi Province began to ban sand dredging in Poyang Lake in April
2008 (China Daily, River sand mining banned in largest
freshwater lake, online article, 2008, http://www.chinadaily.
com.cn/china/2008-04/01/content_6583273.htm). This action
led to the immediate decrease in the number of dredging
vessels (Figure 12), improved water clarity (Figures 7–9),
and the mean TSS in the north lake dropped to the 2000–
2002 pre-dredging level. Unfortunately, the improved water
clarity lasted for only one year. In 2009 and 2010
(Figures 7–9), mean TSS of the north lake increased again.
These unexpected TSS increases were apparently due to
illegal sand dredging. Illegal dredging continued after 2008
and was even encouraged by some regional authorities
around the lake because dredging had become the mainstay
of the local economy and the main revenue source of local
governments (Zhang, online article, 2007). Clearly, even if
management policy was implemented to protect the environment and ecosystem, the policy must be followed strictly
to have the expected results. Unfortunately this is often a
problem in China for a number of reasons. Nevertheless,
remote sensing has been shown here to be an objective means
to evaluate the effectiveness of the management policy.
[51] During summer months (typically July–September)
when the water level of Yangtze River is higher than Poyang
Lake, water could flow back from the river to the lake
[Shankman et al., 2006], discharging some of its sediment
load. Any changes of this mechanism could result in variations of TSS distributions in Poyang Lake, especially in the
north lake. However, Figure 8a shows significant increases
of TSS in the north lake in all years between 2002 and 2007,
and seasonal TSS maxima did not follow the river-lake
discharge. These results suggest that the seasonal variations
of the river-lake water exchange system could not be the
primary reason to explain the inter-annual TSS variability
from 2000 to 2010.
[52] Other natural factors, which could influence TSS
levels, include wind, precipitation, and sediment flux from
local rivers. Wind induces bottom sediment resuspension
[Booth et al., 2000], precipitation erodes drainage [Bhuyan
et al., 2002], and sediment flux increases the lake’s total
sediments. Figure 13 shows the climatological anomalies of
these factors between 2000 and 2010. Wind appeared stable
from 2000 to 2010, while precipitation and sediment flux
showed some annual fluctuations. However, these fluctuation patterns appeared unrelated to the mean TSS interannual variations. For example, both precipitation and
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Figure 8. (a) Seasonal TSS variations between 2000 and 2010 for the north and south lake segments.
(b) The corresponding TSS difference between the two lake segments (north minus south). (c) Seasonal
inundation changes of Poyang Lake between 2000 and 2010 [Feng et al., 2012b]. For Figures 8a and 8b,
the two disconnected small lateral lakes (I and II in Figure 1) were excluded from these calculations.
sediment flux showed positive anomalies in 2002, but mean
TSS in 2002 was relatively low. Likewise, both precipitation
and sediment flux showed negative anomalies in 2004 when
mean TSS in the north lake was extremely high. Indeed,
there appeared a long-term (2000–2009) decreasing trend in
sediment flux, yet such a trend was completely missing in
the mean TSS time series. Thus, compared with the sand
dredging, these natural factors played a minor role in
affecting Poyang Lake’s mean TSS or turbidity at annual
scales.

7. Discussion: Uncertainty and Future
Applications
[53] Although not surprising, the prominent changes in the
lake’s mean TSS after 2002, and in particular after the 2008

policy-driven episode, were clearly revealed and quantified
for the first time by a rigorous analysis of the MODIS time
series. These human induced changes are difficult to characterize by traditional field surveys due to the size and
complex bottom topography of the lake [Feng et al., 2012b,
2011]. We attribute the success of this effort to four factors:
(1) the frequent and synoptic coverage of MODIS at moderate resolution; (2) a customized atmospheric correction
algorithm that led to the validated TSS algorithm for a large
dynamic range; (3) a database of dynamic land masks [Feng
et al., 2012b]; and (4) the availability of various meteorological and ancillary data.
[54] Indeed, in the past, the most significant challenge in
satellite remote sensing of water turbidity of this large,
turbid lake has been the lack of reliable algorithms to relate
the satellite signal to the water quality parameters. The
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Figure 9. (a) TSS variability during the 11-year period, as represented by the standard deviation at each
location. (b) The north lake from 29.2 to 29.75 was divided into 11 small sections based on latitude with
0.05 increments, and TSS temporal changes in each section. (c) The corresponding TSS percentage
anomaly, derived as the relative departure from the seasonal climatology.
atmospheric correction algorithm embedded in SeaDAS
[Gordon and Wang, 1994] is not suitable for Poyang Lake
because the water reflectance in the Near Infrared bands
(NIR) (748 nm and 869 nm for MODIS) is significantly
higher than zero (Figure 2b). Even if reflectance in the
short-wave Infrared (SWIR, 1240 nm) is zero and a SWIRbased algorithm [Wang and Shi, 2007] could work, the
strong land adjacency effect on the SWIR bands would lead
to large errors. A correction of the adjacency effect using a
nearest-neighbor approach is believed to be the key to lead

to a robust TSS algorithm. The subtraction of Rrc,1240 is
certainly not a perfect solution because aerosol reflectance
is generally not spectrally flat (i.e., white aerosol). The
spectral slope, defined by the so-called Angstrom exponent,
is simply not available for this region. However, the
uncertainties induced by the white-aerosol assumption are
implicitly compensated by the empirical regression coefficients in Figure 4a. Thus, the simple subtraction of Rrc,1240
combined with the nearest-neighbor correction should yield
consistent observations in both space and time at a

Figure 10. Water level climatology from 2000 to 2009 derived from six hydrologic stations in Poyang
Lake during dry seasons (quarter 1 and quarter 4) and wet seasons (quarter 2 and quarter 3). Large
south-north gradient during the dry season is clearly revealed, while the gradient is much smaller during
the wet season.
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Figure 11. Landsat images (band 7) in (left) 2000 and (right) 2005 show high contrasts in the red outlined
region in Poyang Lake, where a large number of dredging vessels can be seen in the 2005 image only.

Figure 12. (a) Number of vessels in the north lake from 2000 to 2010, determined from Landsat
TM/ETM+ shortwave infrared (2.09–2.35 mm) data. Also plotted are the annual mean TSS concentrations
in the north lake segment. Note that not all vessels are dredging vessels. (b) Similar to Figure 12a, with
the number of vessels delineated from the two southernmost small sections (see Figures 9b and 9c,
29.2 N–29.3 N).
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Figure 13. Climatological anomalies of three forcing factors (sediment flux, wind speed, and precipitation) that may influence TSS distributions in Poyang Lake.
minimum. An explicit correction to account for the spectral
shape of the aerosol reflectance, however, still remains to be
developed in the future.
[55] Since a single 645 nm band is used in the algorithm,
light reflected from the shallow bottom could contribute to
the satellite signal and lead to algorithm uncertainty [Lodhi
and Rundquist, 2001; Tolk et al., 2000]. Such potential
artifacts were estimated in the following way. The light
diffuse attenuation coefficient (Kd) that modulates the bottom contribution was approximated as a + bb [Smith and
Baker, 1981] where a and bb are the total absorption and
backscattering coefficients, respectively. At 645 nm, a was
dominated by water absorption (0.325 m1 [Pope and Fry,
1997]) because CDOM absorption in the red was negligible
and absorption due to particles (TSS) was also small. For
example, at TSS of 3 mg L1, a mass specific absorption of
0.0026 m2g1 from Babin et al. [2003b] would lead to an
absorption of 0.008 m1. The mass-specific particle scattering coefficient from the AC-s measurement in Poyang
Lake was about 0.95 (m2g1). For a 2% backscattering
efficiency, this would lead to a backscattering coefficient
of 0.06 m1 at TSS = 3 mg L1. Thus, Kd(645) was about
0.39 m1 in the extremely clear water in Poyang Lake (TSS =
3 mg L1), and these cases were only observed in the
southeast lateral lake and in the east lake in quarter 3
(Figures 6 and 7). In these lake segments the bottom was
dominated by seagrass which had typical reflectance of
5% at 645 nm [Fyfe, 2003]. For very shallow waters of
1 m deep, the contribution of this bottom reflectance to
the MODIS surface reflectance would be approximately
5%*exp(2*0.39*1)*0.5 = 1.1%, corresponding to at most
20% of the MODIS Rrc,645-nearest1240 values for low TSS
(Figure 4). (In this reflectance estimate, ‘2’ was used to
account for the two-way attenuation, and ‘0.5’ was used to
convert the below-surface reflectance to above-surface
reflectance due to the water refraction change at the interface.) At higher TSS or deeper water depth, relative bottom
contribution to the MODIS Rrc,645-nearest1240 should be <20%.
Indeed, in the clear-water lake segments the bottom is often
much deeper than 1 m, and for waters with sandy bottom

(the north) TSS was ≫3 mg L1. Thus, the bottom-induced
uncertainties in the TSS estimates even for the worse case
scenarios should be <20%, and for most cases they should be
negligible.
[56] Another uncertainty source may be the size distributions of various sediment types. The surface reflectance used
in the TSS algorithm (equation (2)) is directly related to bb,
whose mass-specific efficiency decreases with increasing
size. In other words, the same amount of mass would lead to
smaller bb (and therefore surface reflectance) for large particles. Although Moore et al. [1999] and Doxaran et al.
[2002a] proved that such an effect could be reduced when
band ratios were used in the algorithm, our results showed
much poorer performance of the band-ratio algorithms than
the single-band algorithm (after atmospheric correction).
Thus, it is desirable to understand whether different particle
sizes may induce uncertainties in the TSS estimates from the
single-band algorithm.
[57] Two general size distributions were found from
Poyang Lake water samples, with the majority dominated by
particles of 10–20 mm in diameter and the other dominated
by >100 mm in size (Figure 14a). However, when all TSS
data were plotted against reflectance (Figure 14b) these two
classes could not be distinguished from each other. A
potential reason may be that the size difference between the
two classes was compensated by the density difference. To
confirm this speculation, we followed the Bowers et al.
[2009] approach to estimate the mean particle size by area
(DA, in mm) and particle apparent density (r, in kg m3),
where DA is defined as
Z
DA ¼

D2

D1

Z
N ðDÞ D3 dD=

D2

NðDÞ D2 dD:

ð4Þ

D1

Here D1 and D2 (in mm) are the low and upper size limit of
the LISST-X100 respectively, and N(D) (in mL L1) is the
number of particles per unit volume in the size bin of D to
D + dD. Here r was estimated as TSS (mg L1) divided by
the LISST-X100 measured volume concentration (in mL
L1). Figure 14c clearly shows that DA, is inversely related
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Figure 14. (a) Size distribution of suspended sediments in Poyang Lake showing two distinctive classes,
with one dominated by particles >100 mm. The size bins are annotated as red dots. (b) Relationship
between TSS and MODIS Rrc,645-nearest1240. Note that the two sediment samples of large size (triangles)
cannot be distinguished from others. (c) Relationship between the apparent density (r) and mean particle
size by area (DA).
to r, indicating that small particles have higher density.
Because high-density particles often show lower specific
scattering coefficient [Babin et al., 2003a], these two effects
are somehow canceled in Figure 14b. Therefore, the singleband regression algorithm is applicable to different classes
of sediments in Poyang Lake, and uncertainty induced by
different size and density distributions should be small.
[58] Note that although the regression and algorithm validation using discrete data points showed MRE and RMSE
of 30%–40%, this should not be interpreted as the uncertainty in the MODIS-derived TSS distribution maps for a
number of reasons. These include different sample sizes
between the in situ and MODIS measurements, uncertainty
in the in situ data due to disturbance of the boat presence to
sediment mixing, and temporal difference between in situ
and MODIS measurements (up to 3 h). Indeed, when
MODIS TSS maps derived from several consecutive cloudfree days were compared, their mean relative difference was
only 12.5% for most pixels. When seasonal and annual
means were used in our study, random noise was further
reduced and uncertainty in these mean TSS products should
be smaller.
[59] The findings and the approach demonstrated here
have significant implications on the long-term monitoring
of the lake’s TSS. Not only will they help management
decision-making, they can be used to evaluate management’s
effectiveness. This is particularly important in a changing
climate; it is often extremely difficult to identify causal factors leading to environmental changes. The study represents a
special case to unambiguously link long-term TSS changes
to human activities (sand dredging and management policy).
Without continuous and long-term assessment, however, it
is impossible to know whether the dredging-ban by the
Jiangxi Government in 2008 was effective. This 11-year
time series of TSS data provides a baseline to understand
future changes in the lake’s turbidity as well as to monitor
local management actions to ensure their compliance with
the ban on sand dredging in Poyang Lake.
[60] Ideally, the lake should be studied with higher-spatial
resolution than MODIS in order to account for small-scale
patchiness. The temporal frequency of the Landsat data
(16-day revisit) is much lower than MODIS (daily revisit).

Given the highly dynamic nature in both the lake’s inundation and TSS, the 250-m resolution data from the two
MODIS instruments (on Terra and Aqua, respectively)
provided optimal coverage with medium resolution, particularly suitable for this large lake. While, both MODIS
instruments have now operated beyond their 5-year mission
design, the most recent VIIRS instrument launched in late
October 2011 is equipped with similar land bands as on
MODIS, allowing continuity and assuring continuous
assessment of Poyang Lake as well as other similar water
bodies in the world. As an alternative, the HJ-1A/1B CCD
instruments launched in 2008 (owned by the State Environmental Protection Administration and the National
Committee for Disaster Reduction of China) are equipped
with a red (630690 nm) and a NIR (760900 nm) band at
30-m ground resolution, providing repeated measurements
every 2 days. Once a proper atmospheric correction algorithm is developed and implemented, these higher-resolution
data could extend the MODIS observations in the future.
[61] Finally, from a macro perspective, many coastal and
inland waters around the world suffer from similar sand
mining problems, such as the English Channel and the Baltic
Sea [Desprez, 2000; Kutser et al., 2007]. Other natural and
human impacts, including storms, beach nourishment, and
impoundment of dams and reservoirs, could all impact sediment load in downstream coastal oceans. These impacts
pose a real threat to water clarity and coastal ecosystems
[Vörösmarty et al., 2003; Wilber et al., 2006]. The approach
demonstrated here, specially designed to address a variety of
algorithm difficulties (thick aerosols, sun glint, land adjacency, etc.), may find a much wider application should
similar problems be encountered in other coastal and inland
waters.

8. Summary and Conclusion
[62] Several technical challenges have been addressed in
order to document and understand the long-term TSS distribution changes in the largest freshwater lake in China,
Poyang Lake, between 2000 and 2010. These included (1)
the use of frequent MODIS observations at medium resolution (250 m) to assure sufficient coverage to avoid potential
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spatial and temporal aliasing; (2) a dynamic water-land
boundary, which changes dramatically at both monthly and
inter-annual scales, was used to mask land for each MODIS
image; and (3) a nearest-neighbor atmospheric correction
approach was applied to MODIS medium-resolution data to
derive spatial and temporal distribution patterns of TSS. The
approach used the MODIS 1240 nm as a reference to remove
aerosol contributions, and corrected the land adjacency
effect using nearest-neighbor pixels away from land. Compared with all other methods tested, the corrected surface
reflectance at 645 nm, namely Rrc,645-nearest1240, showed the
best regression performance with concurrent in situ TSS,
with an overall uncertainty of 3040% for TSS ranging
between 3 and 200 mg L1.
[63] The approach was implemented to derive the TSS
spatial distribution patterns in Poyang Lake and quantify
their seasonal and inter-annual changes from 2000 to 2010.
This led to several new observations. First, there are significant seasonal variability between the wet seasons (lower
TSS) and dry seasons (higher TSS), attributed to changes in
the lake’s circulation between different seasons (natural
forcing). Second and most importantly, the long-term changes in both TSS spatial distribution and mean TSS of the
lake, especially in the north lake, are primarily induced by
human activities. TSS levels clearly correlate to sand
dredging activities between 2003 and 2007, the government
policy to ban dredging in 2008, and the failure to observe
that policy after 2008, as shown by the inter-annual changes
in the number of dredging vessels. The potential impacts of
climate variability on such long-term TSS changes, if any,
were overwhelmed by the human activities and thus not
observable. Finally, the large TSS 11-year climatological
gradient occurring between the north (29.2 mg L1) and
south lake segments (14.0 mg L1), a factor of >2, also
correspond closely to these same human activities. In contrast, before sand dredging started in late 2002, mean TSS
concentrations in the two lake segments were similar.
Clearly, in order to decrease the water turbidity to predredging levels, enforcement of appropriate management
policy is required.
[64] This case study demonstrated the importance of
MODIS medium-resolution data in monitoring, quantifying,
and understanding water quality changes in a highly
dynamic inland lake. The pre-dredging baseline information
provides a reference for future restoration efforts to improve
water quality. By using the same approach with MODIS or
other satellite data, proper and continuous assessment of the
lake’s TSS or turbidity will be assured. Similarly, the
approach used here may be extended to other inland or
coastal waters to study their potential response to climate
variability and human activities.
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